Abstract-This paper presents a real-time calibration method for gyro sensors in consumer portable devices. The calibration happens automatically without the need for external equipment or user intervention. Multilevel constraints, including the pseudoobservations, the accelerometer and magnetometer measurements, and the quasi-static attitude updates, are used to make the method reliable and accurate under natural user motions. Walking tests with the Samsung Galaxy S3 and S4 smartphones showed that the method provided promising calibration results even under challenging motion modes, such as dangling and pocket, and in challenging indoor environments with frequent magnetic interferences.
I. INTRODUCTION
A DVANCES in Micro-Electro-Mechanical Systems (MEMS) technology combined with the miniaturization of electronics have made it possible to produce chip-based sensors, such as inertial sensors (i.e., accelerometers and gyroscopes (gyros)) and magnetometers. MEMS chips are small and lightweight, consume very little power, and are extremely low-cost [1] . By virtue of these advantages, MEMS sensors have become appropriate candidates for motion tracking and navigation (i.e., determination of attitude, velocity, and position) applications in many electronic devices such as smartphones, gaming systems, toys, and the next generation wearable devices. For consumer portable devices, dead reckoning (DR) is usually the navigation algorithm used to navigate with inertial sensors; thus, the sensors are not dependent on the transmission or reception of signals from an external source [2] . Such self-contained MEMS-based inertial sensors are ideal for providing continuous information for indoor/outdoor navigation [3] .
However, low-cost MEMS inertial sensors suffer from significant run-to-run biases and thermal drifts [4] . The performance of typical MEMS sensors that used in smartphones [5] are shown in Table 1 . Although lab calibration at room temperature is a useful way to remove many deterministic sensor errors [6] , the sensors' readings can be very different due to the restart and the difference between the operational and calibration environments. Also, it is not affordable for the chip manufacturers to conduct thermal calibration of low-cost sensors. Due to the integration process in the inertial navigation mechanization, any sensor errors will accumulate, resulting in increasing navigation errors. For indoor environments, position or velocity updates from GNSS are not always available. If this is the case, the navigation accuracy will degrade faster over time.
Therefore, a real-time calibration process is needed to mitigate the drift of the inertial sensor errors, especially the gyro biases. The calibration process should happen automatically in the background without the need for user intervention. This is because mainstream consumer and non-professional users should be able to benefit from the calibration and from a better navigation solution using the calibrated sensors without any specific requirement from them. Achieving such a calibration is not easy, especially when working with consumer-grade inertial sensors. Most calibration methods require external equipment or tools to provide a reference for calibration. It is not realistic to expect the users of the electronic products to use a separate tool to calibrate the sensors. Furthermore, current traditional methods to calibrate the inertial sensors without an external tool involve: a) using static periods for gyroscopes calibration when the sensors are fully static; and b) using the gravity vector for accelerometer calibration while ensuring that the IMU covers various attitudes to make sure that the system is observable [7] . The need for static periods limits the scenarios where calibration can happen; the need for various attitudes increases the operation complexity.
Furthermore, when the calibration is done automatically in the background, the need for various attitudes will delay having a full calibration without the user involvement to do specific motions.
In this paper, we propose an autonomous calibration method to calculate the gyros in consumer electronics. This method uses a Kalman filter algorithm and utilizes multiple constraints, including the pseudo-observations, the accelerometer and magnetometer measurements, and the quasi-static attitude updates. The advantages of the proposed calibration algorithm includes:
a) The calibration happens automatically without the need for external equipment or user intervention; b) The algorithm works under natural user motions such as handheld, phoning, dangling, pocket, belt, and backpack. Also, there is no singularity problem when the pitch angle reaches ± 90°; c) The algorithm works even in indoor environments with frequent magnetic interferences. This paper is organized as follows. Section 2 reviews the previous relevant works. Section 3 explains the methodology of the calibration algorithm, including the details of multiple constraints. Section 4 shows some results with analysis and Section 5 draws the conclusion.
II. PREVIOUS WORKS
The commonly used calibration methods include the standard calibration methods [6] , [8] and the multi-position calibration methods [7] , [9] - [12] . Standard calibration methods determine sensor errors by comparing the sensor outputs with known reference inputs. Due to the dependence on specialized equipment, the standard methods are always designed for in-lab tests, factory calibration and relatively high-grade IMUs.
To calibrate an IMU just with simple devices or even without any specific tool, multi-position methods are developed. The basic idea of a multi-position method can be stated as follows: the norms of the measured outputs of the accelerometer and gyro cluster are equal to the magnitudes of the given specific force (i.e., gravity) and rotational velocity inputs (i.e., the Earth rotation), respectively [13] . However, the main drawback in using multi-position calibration method is that the gyro reference (the Earth rotation rate) is a weak signal (15 deg/h) which can result in observability problems. Therefore, a single axis turntable is required to provide a strong rotation rate signal [7] , [10] - [12] , which limits the multi-position method to laboratories.
To estimate gyro errors without any external equipment, an in-field calibration method has been developed [14] . The accelerometer triad is first calibrated by the multi-position method through multiple quasi-static states generated by hand holding. Then, the outputs from the calibrated accelerometers can be used to calibrate gyros. To avoid the requirement of being static/quasi-static, researches have presented gyro calibration methods such as the vertical gyro (VG) method [15] and the approach that uses accelerometers to estimate the horizontal gyro errors [16] . These methods are efficient in calibrating the horizontal gyros but have limited effect on the vertical gyro [16] . To make all sensor errors observable, user intervention is still required: the user needs to rotate the device to different attitudes to make sure that every gyro axis has the chance to experience the horizontal direction.
In this paper, we remove both the inconvenient user intervention process and the quasi-static assumption by using constraints from multiple sensors and apriori information. The features of the referred previous works and the proposed method are listed in Table 2. III. METHODOLOGY When compared with previous works, the main advantage of the proposed method is the removing of the requirement of equipment and user intervention. In addition, the proposed method can work in real time under natural human motions in both indoor and outdoor environments. In this section, the details of the proposed method will be given. We will also answer the following questions: a) how can the algorithm work under various human motions? and b) how can the algorithm work in indoor environments with frequent magnetic interferences?
Multi-level constraints are utilized to improve the calibration efficiency and accuracy. The first level is called pseudoobservation updates. This constraint is activated when the change in position between two time epochs is within a limited range. In this case, the constraintsr = constant andṽ = 0 are regarded as an observation of pseudo-position and pseudovelocity. The uncertainty of position and velocity changes during the calibration process are embodied in the covariance matrix of measurement noise (R) in the Kalman Filter. The R matrix is tuned adaptively according to the IMU outputs. The use of the pseudo-observation updates makes it possible to calculate the gyro errors without external equipment or tools; also, the pseudo-observation updates can be used under natural human motions without special training. Therefore, it is feasible to run the calibration algorithm in the background without user interaction.
The second level of constraints is from accelerometers and magnetometers. We use the accelerometer and magnetometer measurements in a tightly-coupled way, which brings several benefits for the pedestrian navigation applications with various phone displacements. The details will be introduced later in this section.
Another advantage of our method is that it maximizes the contribution from magnetometers in environments with frequent magnetic perturbations. We make the magnetometer measurements reliable based on the following fact: to aid gyro calibration, what we need is attitude changes, instead of the absolute attitude. The proposed method can use the magnetometer measurements without knowing the absolute values of the local magnetic field (LMF) parameters (i.e., declination, inclination, and magnitude).
Moreover, the proposed calibration method is different from the traditional method which adds sensor errors into the navigation Kalman filter. The main objective of the navigation algorithm is to estimate the navigation states (i.e., position, velocity, and attitude) instead of sensor errors. Therefore, when using extra apriori information or setting parameters, it is preferable to assure that any inaccurate estimate of sensor errors will not destroy the navigation algorithm rather than to estimate residual sensor errors with a higher accuracy. However, in the proposed calibration method, we use specific updates, such as the pseudo-observations, and set the Kalman filter parameters with the aim of maximizing the calibration accuracy. Also, the calibration results can be evaluated before feedback to avoid the degradation of the whole navigation system under extreme navigation conditions.
The algorithm is comprised of the IMU sensor error models, the INS mechanization, and the Kalman filter models. The INS mechanization follows [17] and will not be described in detail. For details about Kalman filter the reader can refer to [18] . The following sub-sections will introduce the algorithm, including system error models, the system model and the measurement model (for updates from multiple sensors and apriori information).
A. Sensor Error Models
A major problem of applying MEMS sensors is the changes of the biases and the scale factors [4] . With the current MEMS manufacturing technology, non-orthogonality errors are relatively smaller compared to the biases and scale factor errors. Therefore, only biases and scale factor errors are taken into account. The output error equations of accelerometers and gyros can be described respectively as below: are the measured specific force and angular rate, respectively. The symbol di ag(·) indicates the diagonal matrix form of a vector.
The sensor biases and scale factor errors are modeled as first-order Gauss-Markov processes [19] . Take the gyro biases as an example:ḃ
where τ bg denotes for the correlation time of the gyro biases and w bg is the driving noise vector. 
B. Kalman Filter-System Model
A simplified form of the psi-angle error model [17] is applied as the continuous-time state equations in the Kalman filter [16] .
where δr n , δv n and ψ are the errors of position, velocity, and attitude. C n b is the Direction Cosine Matrix (DCM) from b-frame (i.e., the body frame) to n-frame (i.e., the navigation frame). f n is the specific force vector projected to n-frame, and ω n ie and ω n en represent the angular rate of the Earth and that of n-frame with respect to e-frame (i.e. the Earth frame), both projected to n-frame. The symbol "×"denotes cross product of two vectors. δf b and δω b ib are the output errors of accelerometers and gyros, as explained in (1) and (2).
C. Kalman Filter-Measurement Model
Different kinds of constraints are used to build the measurement model, including the pseudo-observations, the accelerometer and magnetometer measurements, and the quasi-static attitude updates.
1) Pseudo-Observations:
The pseudo-position and pseudovelocity observations are proposed based on the fact that the range of the position and linear velocity of the IMU are within a limited scope [16] . In this paper, we use the pseudo-position update while walking with natural human motions. The measurement model of pseudo-position iŝ
withr n = constant wherer n andr n are the position vectors from the INS mechanization and pseudo-position, respectively; δr n is the position errors vector; and n 1 is the measurement noises (i.e. the inaccuracy) of the pseudo-position.
Here is a feasible way of setting the R matrix for the pseudo-position: first a set of initial position noises are set roughly; then the position changes during a period can be calculated; based on this result, the elements in R could be further tuned. This process is done autonomously by the software. 2) Accelerometer Measurement Model: In this paper, the purpose of using accelerometers and magnetometers focuses on providing most accurate gyro bias estimation, which is different from the attitude and heading reference systems (AHRS) [20] . We build the measurement model by using the accelerometer readings directly, instead of using the accelerometers-derived roll and pitch angles. This is important for the pedestrian navigation applications with arbitrary phone displacements, since it avoids the singularity problem when the pitch angle reaches ± 90°. The tightly-coupled accelerometer measurement model is [21] 
When neglecting the accelerometer deterministic errors,
where, f n = −g n = 0 0 −g T ,Ĉ b n is the DCM provided by the Kalman filter, g is the local gravity value, ψ is the attitude error, and n 2 is the noise.
For pedestrian applications, the acceleration are commonly high-frequency and alternating. Thus, it is reasonable to model the actual accelerations as measurement noises. The components in R related to the accelerometer measurements are set based on the value of the actual linear acceleration A
When A ≤ |T h acc1 | (i.e., in non-acceleration mode), the corresponding components in R are set as σ 2 a , where σ 2 a is set according to the specifications of the accelerometer used.
When |T h acc1 | ≤ A ≤ |T h acc2 | (i.e., in low-acceleration mode), the acceleration uncertainties is set as s(A 2 /P)σ 2 a , where P is the corresponding components of attitudes in the covariance matrix and s is a scalar. This parameter setting method follows the research in [21] .
When A ≥ |T h acc2 | (i.e., in high-acceleration mode), the accelerometer is far away from the truth. Accordingly, the components in R are set as a large number σ 2 a Max . In this situation, the accelerometer measurements will not contribute to the solution.
3) Magnetometer Measurement Model: The perturbations in the magnetometer measurements are different from that in the accelerometers. The latter is commonly high-frequency and alternating; however, the magnetic perturbations are caused by external magnetic bodies such as man-made infrastructures. Therefore, a typical type of magnetic perturbation is that both the direction and strength of the LMF are changed, but the change is stable within a limited space (or periods). The period during which the LMF is stable can be called as quasi-static magnetic field (QSMF) period, and can be detected by using the magnitude of magnetometer readings [22] .
In this paper, we use magnetometer measurements to improve the gyro calibration during QSMF periods. It is assumed that we have totally no idea about the LMF parameters. The details about these magnetic field parameters can refer to [23] . Instead, we calibrate the LMF at the beginning of each QSMF period. The flowchart of using magnetometers under QSMF periods is shown in Figure 1 .
The LMF vector during the k-th QSMF period is calibrated by: The measurement model is built by using the magnetometer readings directly, which avoid the leveling (i.e., using the accelerometer readings to calculate the roll and pitch angles) step. Therefore, the measurement model, as shown in (10), is independent from the accelerometer measurements.
where, δm n =Ĉ n bm b − m n ,m b is the magnetometer measurement, m n is the calibrated LMF vector, ψ is the attitude error, and n 3 is the measurement noise.
4) Quasi-Static Attitude Updates:
The assumption for this constraint is that any rotation sensed by the gyros should be caused by the gyro biases when the device is quasi-static. Therefore, it is feasible to improve the gyro calibration during not only strict static periods, but also any quasi-static periods such as the periods when the user stands in-situ and the phone is handheld, phoning, or putting in pocket. The detection of quasi-static periods has been detailed in [24] . The quasi-static attitude updates (QSAU) can be written as
whereω b ib is the output vector of a quasi-static gyro triad, b g is the gyro biases, and n 4 is the noise.
D. Parameter Setting and Initialization
The Kalman filter parameters include the initial state vector x 0 (i.e., the vector including the error states δr, δv, ψ, The parameters can be set as x 0 = 0 (i.e., δr = δv = ψ = b a = b g = δs a = δs g = 0),r(t 0 ) = r 0 , andv(t 0 ) = 0, where r 0 is the approximate IMU position. The initial DCMĈ n b (t 0 ) can be determined by [24] 
where f n and m n are the specific force and LMF vector in the navigation frame, l n = f n × m n ;f b andm b are the accelerometer and magnetometer measurements, and l b =f b ×m b . If the LMF is not quasi-static, the roll and pitch angles are calculated from the accelerometer measurement, and the heading angle is set as zero.
The proposed method will be tested with different smartphones under natural human motions.
IV. TESTS AND RESULTS
Different outdoor and indoor walking tests were conducted with three smartphones. The tested motion modes comprised typical phone locations and attitudes including handheld, phoning, dangling, in pocket, in belt, and in backpack. At the end of each test, there was a quasi-static period to calculate the reference values of gyro biases. The tested motion modes and the corresponding gyro and accelerometer readings are shown in Figure 2 . We can see that dangling and pocket have the strongest gyro dynamics.
The tests were performed with Samsung Galaxy S3 and S4 smartphones. To make the gyro errors more significant (i.e., to test the calibration algorithm), gyro biases of 3 deg/s, −3 deg/s and 3 deg/s were added into the raw gyro outputs before data processing. The rough reference values of the gyro biases are shown in Table 3 .
A. Difference Between Outdoors and Indoors
The main difference between indoor and outdoor environments is the existence of magnetic perturbations. The commonly used method of using magnetometers is straightforward and consist of three steps [25] : a) leveling the magnetometer readings by using the accelerometers; b) calculating the magnetic heading by using the leveled magnetometers; and c) calculating the true heading by a declination angle to the magnetic heading. This is based on the assumption that the LMF is simply the geomagnetic field and thus declination angle can be calculated from the IGRF model [26] . In real tests, we found that the majority of the outdoor tests met this assumption; however, in the indoor tests, the LMF could easily be different from the geomagnetic field, and might vary from point to point. Table 4 provide a sample of the outdoor and indoor magnetic environments. All figures are plotted using the magnetic information while walking (handheld) case. The figures in the second row of the table show the magnetometer readings and their magnitudes (cyan lines). The yellow dots indicate the QSMF periods. The figures in the last row show the calibrated LMF. The LMF kept stable during this outdoor test; on the other hand, it varied significantly during the indoor test.
The outdoor and indoor tests will be given separately in the following two subsections.
B. Outdoor Walking Tests
The outdoor test environment and trajectory are shown in Figure 3 . It is a sidewalk crossing different parking lots. Thus, there is no buildings within 10 meters from the sidewalk.
The figures of the calibraiton results are shown in Table 5 . The first column indicates the tested motion modes, while the other three columns are the results of three phones. In each plot, the magenta dots indicate the availability of the magnetometer measurements. The pseudo-observation and accelerometer measurements were always available during these tests; therefore, the indicators for these constraints are not shown.
Most of the calibrated sensor errors have converged in the first 30 s, and all of them converged within 50 s. Table 6 shows the statistical results of the calibration errors under all scenarios with different phones. The mean and RMS errors were calculated using the differences between the calibration results at every epoch after convergence and the reference values obtained by averaging the gyro readings during the quasi-static periods at the end of each test. The gyro biases reduced from several deg/s to under 0.1 deg/s. Although the gyros within different phones have different biases and some are more significant (e.g., 6 deg/s in phone #2), the results are all at the same level. This indicates the possible accuracy of the calibration method.
To investigate the effect of human motions on the calibration, we also calculated the statistical results under different motion modes. The results are shown in Table 7 .
Dangling and pocket have larger calibration errors than the other motions modes. This meets our expectation, since both dangling and pocket provide stronger smartphone dynamics, as shown in Figure 2 . Even under such challenging conditions, the gyro biases were reduced to under 0.13 deg/s and 0.1 deg/s, respectively.
C. Indoor Walking Tests
The indoor tests were conducted at the main floor of the Energy Environment Experiential Learning (EEEL) building at the University of Calgary, which has a size of approximate 120 × 40 m 2 . EEEL is a relatively new building with well-equipped facilities. Accordingly, the magnetic perturbations are also significant in this building, which makes it an appropriate place for the indoor tests. The test environment and trajectory are shown in Figure 4 .
The result figures are shown in Table 8 . The solid line at the end of each curve indicates the reference value calculated from the quasi-static data.
The discontinuity of the periods with magnetometer updates indicates the frequent magnetic perturbations indoors. The convergence of gyro biases is not as smooth as those outdoors; however, even under such challenging environments, all the gyro biases have converged to the right values within 100 s under different human motions. This has verified the feasibility of the proposed method for pedestrian applications. Table 9 shows the statistical results of calibration errors under all scenarios with different phones, and Table 10 classifies the results by motion modes. Table 9 indicates that the proposed calibration method reduced the gyro biases from several deg/s to under 0.13 deg/s in the indoor tests, which is larger than the 0.1 deg/s outdoors. These results are promising for MEMS sensors, since the indoor environment is much harsher the outdoor. In Table 10 , the largest calibration errors under dangling and pocket are 0.17 and 0.14 deg/s, which are still larger than those under other motions. The calibration errors under handheld, phoning, belt, and backpack are less than 0.12 deg/s.
Comparing with previous methods such as the vertical gyro method or the methods that use accelerometers to estimate the horizontal gyro errors, an advantage of the proposed method is to use magnetometers during QSMF periods to calibrate the vertical component of gyro biases. Natural human motion signals are usually periodic, as indicated in Figure 2 ; therefore, not all the gyro axis has the chance to move to the horizontal direction. Thus, the magnetometers measurements during QSMF periods is important. Table 11 show the calibration results using magnetometers measurements under QSMF and that totally ignoring magnetometers. These results further verify the effectiveness of the proposed method in calibrating the vertical gyro bias component.
D. Summary of Test Results
To make a summary, Figure 5 shows the gyro biases without and with the proposed real-time calibration. The gyro biases of tested phones were reduced from several deg/s to less than 0.15 even in indoor environments. Although the tested phones have different gyro bias values, the calibration errors are at the same level. Future works will focus on optimizing the proposed method, e.g., reducing the computational load and further improving the convergence rate.
